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Technological oil spills within electrical substations are the source of considerable environmental contamination. The aim 
of this study is to evaluate the relation between phytoindication assessments of ecological factors and geomorphological 
covariates and investigate the effect of the technological oil spill on ecological regimes within electrical substations. During the 
fieldwork 175 geobotanical releves were analysed in the years 2016–2017 within Dnipropetrovsk region (Ukraine). Within 
each electrical substation the geobotanical prospecting was conducted both in plots with undisturbed vegetation cover (control, 
the plot size 3 × 6 m) and in plots with technological oil spill (pollution, plot size 3 × 3 m). Phytoindication assessment of the 
following ecological factors was made: soil water regime, soil aeration, soil acidity, total salt regime, carbonate content in the 
soil, nitrogen content in the soil, radiation balance, aridity or humidity, continental climate, cryo-climate, light regime. 
HydroSHEDS data were taken for the basis for creating a digital elevation model with resolution of the data layer 15 
arcseconds. The phytoindication assessments of the ecological regimes are characterized by correlation of geomorphological 
properties. The soil humidity is characterized by statistically significant negative correlation with the topographic position index 
and positive correlation with the vector ruggedness measure. The variability of damping correlates with four geomorphological 
predictors. This environmental regime has positive correlation with digital elevation model and diffuse insolation and negative 
correlation with topographic wetness index and direct insolation. The soil acidity of the edaphotope within Dnipropetrovsk 
region correlates with statistical signiicance with the vector ruggedness measure. The soil humidity of the edaphotope is 
associated with variation of the topographic wetness index, direct insolation, diffuse insolation and entropy of terrain diversity. 
The highest carbonate content in the soil correlates with higher risks of erosion, which is characterized by loss of soil and 
vertical distance to channel network. The nitrogen content in the soil is very sensitive to geomorphological features of the area. 
This results in the correlation of this indicator with six geomorphological predictors. Obviously, the most favourable supply of 
the nitrogen content in the soil is formed on upland areas. This allows positive correlation of the phytoindication assessment of 
the nitrogen content in the soil and the height relief. The use of relief variable as the covariate revealed the nature of the impact 
of soil contamination on ecological factors. Technological oil pollution leads to deterioration of water regime, reducing the 
availability of plant available forms of nitrogen and deterioration of soil aeration. There are also changes in microclimatic 
properties. There are more extreme thermal regimes and greater level of illumination. A key task for further research is to study 
the influence of relief features on the degree of negative transformation of soil due to technological oil pollution.  
Keywords: digital elevation model; environmental regimes; phytoindication; landforms; spatial models.  
Introduction  
 
Technological oil spills within electrical substations may lead to a 
considerable contamination of the environment. Technological oils are 
the source of polycyclic aromatic hydrocarbons (PAHs) (Wcisło, 1998). 
Soil contamination by oil is especially dangerous because of the strong 
toxic effects of PAH (Klamerus-Iwan et al., 2015; Han et al., 2016). 
PAHs possess mutagenic, teratogenic, or carcinogenic properties (Loick 
et al., 2009). Polychlorinated biphenyls (PCBs) are commonly present 
in the dielectric fluid found in electrical transformers and feeder cables, 
and are often associated with electrical generation stations/substations. 
Available evidence show significant volumes of PCBs accumulated in 
electrical equipment (Kukharchik et al., 2007). The PAHs contained in 
oil penetrate into the soil environment (Lipińska et al., 2013).  
The biodegradation time of different hydrocarbon compounds varies 
greatly under different landscape conditions (Zamotaev et al., 2015). 
Tobler’s “first law of geography” says that everything is related to 
everything else, but near things are more related than distant things 
(Tobler, 1970). This law is the foundation of a spatial autocorrelation. 
Spatial autocorrelation is the similarity between two observations of a 
measured variable based upon their spatial location (Griffith, 1992; 
Legendre, 1993; Lennon, 2000). The ability to collect large amounts of 
data is necessary for the assessment the spatial variability of the ecolo-
gical regimes. Phytoindication evaluation is quite efficient for this task. 
Kriging is most often used for interpolation of spatial data (Minasny & 
McBratney, 2003). But this approach requires the condition of the sta-
tionary studied process. As a rule, the implementation of such require-
ments can be achieved on the spatial level of the single biogeocenosis or 
landscape (Baljuk et al., 2014). Relief diversity is a source of non-
stationary processes on the Earth's surface. Therefore, understanding the 
nature of relationship between the properties of the relief with the ecolo-
gical processes is an important condition for spatial modeling of envi-
ronmental regimes. The relief is a combination of forms and elements 
of the earth's surface which are different in morphology, genesis and 
age, and is a reflection of their spatial relations. Relief analyss is a 
method of the landscape investigation based on the digital elevation 
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model (DEM). The spatial distribution of topographic attributes can be 
used for indirect measurement of spatial variability of hydrological, geo-
morphological and biological processes (Moore et al., 1993). The land-
forms or relief units are important relief parameters, each of which 
carries information about the physical, chemical and biological proces-
ses and properties (Dehn et al., 2001). The topographic indexes have 
different effects on ecosystem productivity, which are defined by soil 
and climate conditions (Kravchenko & Bullock, 2000). Position within 
the landscape (concave or convex areas, slope or thalweg) is a 
significant factor that affects the wheat yield (Ciha, 1984). Surface relief 
curvature is an effective option to describe the relationship between 
yield, topography and weather conditions (Timlin et al., 1998). The 
relative height of the relief is one of the most important soil and 
landscape factors that affects the productivity of agro-ecosystems (Cox 
et al., 2006; Miao et al., 2006). The average yield and average grain 
moisture greatly depends on the flow field length in surface irrigation 
conditions (Marques da Silva & Silva, 2006). The slope length to the 
topographical watershed is the best indicator of the wheat yield in a 
wide range of scales (Zeleke & Si, 2004). The topographic wetness index 
enables one to explain from 38% to 48% of the spatial variation of wheat 
yields in Eastern Colorado (USA) in 1997 (Green & Erskine, 2004).  
The impact of the topographic index on productivity of ecosystems 
is dependent on the weather, especially the rainfall. The water content in 
the soil is a limiting factor for the production of grain in semiarid and 
arid regions, where potential evaporation is significantly larger than the 
amount of rainfall (Chi et al., 2009). The impact of precipitation (snow-
fall or rain) on productivity can be reinforced as a result of interaction 
with relief features and soil properties (Timlin et al., 1998; Kaspar et al., 
2004). It should be noted that the information in the literature about the 
nature of the relationship between weather conditions, topography and 
productivity is extremely controversial (Kravchenko & Bullock, 2000). 
It was found that fewer topographical features affect the crop in dry 
years than in wet (Halvorson & Doll, 1991). In another investigation it 
was found on the contrary that the effect of the topography is greater in 
wet years than in dry (Simmons et al., 1989). These differences can be 
explained by distinctions in the soil and climatic conditions in which 
experiments were performed. Soil wetness conditions are the most im-
portant factor that controls the variability of wheat yield and affects the 
significance of the topographic indexes in the semiarid regions. In dry 
years, watershed length is the most essential factor that determines yield. 
In wet years the value of topographical indexes was lower (Chi et al., 
2009). The role of geomorphological ecogeographical variables derived 
by using the Digital Elevation Model created on the basis of Earth 
remote sensing data is shown as ecological niche weed markers as 
exemplified by common milkweed (Asclepias syriaca L.) (Kunah & 
Papka, 2016). The spatial distribution of Mute Swan (Cygnus olor 
(Gmelin, 1803)) in the winter conditions of the Sivash Gulf was 
explained by means of use relief predictors for ENFA-analysis (Andru-
shenko & Zhukov, 2016). Regression dependence of soil electrical 
conductivity from the relief height and its derivatives, Landsat vegeta-
tion indexes, relief and vegetative cover diversity was found (Zhukov 
et al., 2016).  
Sorption and degradation are key processes that affect the fate and 
transport of PAHs in the soil (Magee et al., 1991). The speed of pollu-
tion dispersion in saturated soil is far greater than in unsaturated soil 
conditions (Abbasi Maedeh et al., 2017). The soil is the most conside-
rable long-term repository for PAHs (Nam et al., 2003). PAHs can enter 
plant tissues by partitioning from contaminated soil to the roots (Srogi, 
2007). Soil is also considered to be a steady indicator of the state of 
environmental pollution (Mueller & Shann, 2006). A direct relationship 
between PAH concentrations in soil and plants was reported (Fismes 
et al., 2002). PAHs affect the activity of soil enzymes, which can be 
used to evaluate soil microbial properties (Shen et al., 2006). Accumula-
tion of PAHs in soils may lead to further potential contamination of 
plants and food chains (Kipopoulou et al., 1999). Oil contamination 
creates extreme conditions for pedogenesis (Zamotaev et al., 2015). 
Contamination with hydrocarbons can have a profound effect on soil 
fauna (Dendooven et al., 2011). Earthworm population density reflected 
the contamination level of oil-contaminated soils (Klamerus-Iwan et al., 
2015). The negative effect of PAHs on the survival and reproduction of 
earthworms was detected (Brown et al., 2004; Contreras-Ramos et al., 
2006). Oil pollution affects soil physical properties (Klamerus-Iwan et al., 
2015). Pore spaces might be clogged, which could reduce soil aeration 
and water infiltration and increase bulk density, subsequently affecting 
plant growth. Oils that are denser than water might reduce and restrict 
soil permeability (Abosede, 2013). Grasses and annual herbs have recei-
ved considerable attention for evaluating the potential of plants to 
remediate PAH contaminated soils (Davis et al., 2002). Oil contamina-
tion with PAHs modified the physical properties of soils and oil had a 
negative impact on enzyme activity in soil (Klamerus-Iwan et al., 2015).  
The Didukh phytoindication scales indicate the specific ecological 
factors that are measured in specific units. For example, the rate of the 
soil humidity allows one to measure the productive soil water content 
during the vegetation season. The damping variability rate indicates the 
level of unevenness of damping and the soil acidity indicates рН (Di-
dukh, 2011). The approaches were developed for the application of the 
catena method to the study of the soil animal community diversity of 
the river arena landscape of the Dnieper Valley (within the Dnieper-
Orylskiy Nature Reserve) by means of phytoindication evaluation of the 
main trends of environmental conditions (Zhukov et al., 2016).  
The aim of our research is to establish a link between phytoindica-
tion assessments of ecological factors and geomorphological covariates 
and evaluate the effect of the technological oil spill effect on ecological 
regimes within electrical substations.  
 
Materials and methods  
 
Electrical network objects including electrical substations are loca-
ted throughout Dnipropetrovsk region (Ukraine). The ramified structure 
entails interaction with the environment. The important aspect of ecolo-
gical estimation of territories of electric substations is determination of 
their role as local refugia of biological diversity. These territories are 
regime objects that to a great extent are screened from a whole series of 
external influences. They can be considered as elements of a territorial 
mosaic that form cells, exposed to less agrotechnical influence (Pota-
penko, 2016). During the fieldwork 175 geobotanical releves were 
analysed in Dnipropetrovsk region on territories of 74 electric substati-
ons in 2016–2017 (Zhukov & Potapenko, 2017; Potapenko, 2018). 
Within each electrical substation, the geobotanical prospecting was con-
ducted both in plots with undisturbed vegetation cover (control, the plot 
size 3 × 6 m) and in plots with technological oil spill (pollution, the plot 
size the 3 × 3 m).  
Geobotanical prospecting has come to form the basis for phytoindi-
cation of environmental regimes. Didukh (2011) distinguishes the 
following edaphic and climatic phytoindication scales. Soil water 
regime (Hd), variability of damping (fН), soil aeration (Ae), soil acidity 
(Rc), total salt regime (Sl), carbonate content in soil (Ca), nitrogen 
content in soil (Nt) belong to edaphic scales. The scales for the next four 
factors belong to climatic scales. There are radiation balance (Tm), aridity 
or humidity (Om), cryo-climate (Cr) and continentality (Kn). In addition, 
the scale of light regime (Lc) is allocated as the microclimate scale. We 
can assume that edaphic scales and the scale of light regime will be 
light-sensitive properties of soil variability at a single point, which can 
be the basis for the application of phytoindication scales for large-scale 
mapping. Thermal properties of soils are indicated by the radiation 
balance scale; hydrothermal properties of soils are indicated by aridity 
scale (Didukh, 2012). Phytoindication scales are presented by Didukh 
(2012). Phytoindication assessment of gradations of environmental factors 
is presented by Buzuk (2017).  
HydroSHEDS data were taken for the basis for creating a digital 
elevation model (Lehner et al., 2006). The resolution of the data layer 
was 15 arcseconds. The vector file outline of Dnipropetrovsk region was 
obtained from the resource DIVA-GIS (http://diva-gis.org). The list of 
derivatives from digital elevation model data layers was used as envi-
ronmental factors predictors measured from phytoindication.  
Topographic wetness index. The concept of Topographic wetness 
index (TWI) was proposed by Beven & Kirkby (1979) for the first time. 
Topographic wetness index is calculated by the formula: TWI = ln(a/tanβ), 
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Topographic wetness index is calculated by the formula: TWI = ln(a/tanβ), 
where a is a drainage area (catchment are calculated per unit length 
locking circuit), β is the local slope angle (Moore et al., 1993; Kunah & 
Papka, 2016; Zhukov & Andryushchenko, 2017).  
Topographic position index. Topographic position index (TPI) is 
the difference between the absolute height of the point in space and an 
average height of points in a certain buffer around the starting point. 
TPI positive values correspond to the earth's surface convexity; its nega-
tive values correspond to decreases. Values close to zero may indicate 
both the flat surface and the middle part of the slope (Guisan et al., 1999).  
Mass Balance Index. Mass Balance Index reveals topographic pre-
requisites for destruction and entrainment of soil. This indicator allows 
identification of areas with a high degree of probability of landslip 
processes (Moeller et al., 2008). Negative indexes indicate areas with 
accumulation of geomass, such as relief depression or floodplains. 
Positive values indicate areas with high erosion risk. A value close to 
zero indicates areas with loss of geomass balance and gain (Kunah & 
Papka, 2016).  
Erosion factors. Loss of soil LS is one of the components of the 
universal equation of soil erosion (Universal Soil Loss Equation – USLE). 
LS is the product of L- and S-factors. L-factor determines the value of 
slope length, S-factor determines the value of slope steepness. The 
universal soil erosion loss equation (USLE), or Wischmeier-Smith’s 
equation was established in the US as a method of quantifying annual 
soil loss through summarizing the results of observations with a slope of 
9%, conducted at more than 8,000 sites (Kunah & Papka, 2016). In the 
first edition USLE, the tangent was used for describing the influence of 
slope steepness. A constant equal to 0.5 was used for level value of 
slope length. Later, the tangent of surface inclination angle was replaced 
with a sinus, because it was found that this function more accurately 
reflects the impact of an event on more than 3 slopes (Wischmeier & 
Smith, 1978). Erosion soil loss is much more sensitive to changes in 
slope steepness than the change of length, so the improved model 
USLE – RUSLE was aimed at the most accurate assessment of slope 
steepness factor (McCool et al., 1994).  
Direct and diffuse insolation. Direct and diffuse insolation belongs 
to the category of topoclimatic indicators (Boehner & Antonic, 2009). 
The most distinctive variations in climatic patterns occur because of 
topoclimatic processes in the boundary layer of the earth that have the 
characteristic dimension of no more than 101 km (meso β-scale) till 10–3 km 
(micro β-scale). The scale levels are shown by Orlanski (1975). Topo-
climatology is the part of climatology which studyies the impact of the 
earth's surface on climate. The earth's surface primarily controls the 
spatial differentiation of surface atmospheric processes and associated 
climate variations (Boehner & Antonic, 2009). Solar radiation that falls 
on the earth's surface consists of two components – shortwave and 
longwave. We must take into account of the direct and diffuse compo-
nents assessment in order to calculate the wavelength component 
(Boehner & Antonic, 2009).  
Altitude above channel network. Altitude above channel network or 
Vertical Distance to Channel Network (VDTCN) is the difference bet-
ween the height relief and channel network height (Olaya & Conrad, 
2008). It is a reliable marker of ground water and can be used for 
mapping soil (Bock & Köthe, 2008).  
Vector Ruggedness Measure (VRM) estimates variance of the vec-
tors which are orthogonal to the surface relief. The VRM value is low 
for flat terrain and steep terrain, but it is high for steep and rugged terrain 
(Sappington et al., 2007). Rugged terrain is understood as unevenness of 
surface (Kunah & Papka, 2016).  
The procedure for landform classification was performed on the 
basis of digital terrain models by Iwahashi & Pike (2007). 16 relief forms 
were allocated. These are gentle slope, coarse texture, low convexity; 
gentle slope, fine texture, low convexity; gentle slope, coarse texture, 
high convexity; gentle slope, fine texture, high convexity; moderate slope, 
coarse texture, low convexity; moderate slope, fine texture, low convexity; 
moderate slope, coarse texture, high convexity; moderate slope, fine 
texture, high convexity; steep slope, coarse texture, low convexity; steep 
slope, fine texture, low convexity; steep slope, coarse texture, high con-
vexity; steep slope, fine texture, high convexity; very steep slope, coarse 
texture, low convexity; very steep slope, fine texture, low convexity; very 
steep slope, coarse texture, high convexity; very steep slope, fine texture, 
high convexity. The relief forms’ variety entropy was calculated after clas-
sification of the forms by Shannon with 3 pixels assumption window.  
The geographic database was prepared in ArcMap 10.4.1. Calcula-
tions of the geomorphologic layers were implemented in the program 
Saga-GIS (Olaya & Conrad, 2008). The regression analysis and extra-
polation of values assessed within the regression model on the territory 
of the region is executed in an environment of statistical calculations R 




The soil humidity level varies between 8.77 and 20.48 by the phy-
toindication assessment (Table 1), which corresponds to the favourable 
conditions from sub-xerophytes to sub-hydrophytes by Didukh (2011). 
The most common conditions are those favourable for hyhro-meso-
phytes. The histogram analysis of the environmental factors’ distribution 
points to the sample heterogeneity (Fig. 1). This conclusion is also con-
firmed by the values of asymmetry (positive value indicates a shift of 
the distribution to the left) and kurtosis (a negative value indicates a 
bimodal distribution). Accordingly, the predominant regimes are those 
that are favourable for hygro-mesophytes, hygropytes and sub-hyd-
rophytes.  
Table 1  
Descriptive statistics of the environmental factors obtained  
after phytoindication and ANOVA of the oil contamination effect  
Phytoindication  
scale 
Indicator value (x ± SE) ANOVA 
uncontaminated oil contaminated F-ratio p-level 
Hd 14.59 ± 0.24 14.18 ± 0.27   1.31 0.25 
fH   7.30 ± 0.10   7.75 ± 0.11   8.91 <0.001 
Rc   7.73 ± 0.12   7.88 ± 0.12   0.78 0.38 
Sl   9.14 ± 0.19   9.12 ± 0.25   0.01 0.93 
Ca   8.73 ± 0.16   8.92 ± 0.17   0.64 0.43 
Nt   8.54 ± 0.20   6.89 ± 0.23 29.10 <0.001 
Ae   7.65 ± 0.05   7.55 ± 0.07   1.53 0.22 
Tm 10.21 ± 0.10   9.96 ± 0.12   2.66 0.10 
Om 12.27 ± 0.09 11.65 ± 0.11 19.65 <0.001 
Kn   9.29 ± 0.15   9.86 ± 0.19   5.25 0.02 
Cr   8.19 ± 0.09   7.77 ± 0.12   7.31 0.01 
Lc   6.49 ± 0.21   7.61 ± 0.21 14.55 <0.001 
Note: Hd – soil humidity, fH – variability of damping, Rc – soil acidity, Sl – total 
salt regime, Ca – carbonate content in soil, Nt – nitrogen content in soil; Ae – soil 
aeration, Tm – thermal climate, Om – humidity, Kn – continental climate, Cr – 
cryo-climate, Lc – light regime.  
The contrast regime of humidity conditions ranges from hemi-hyd-
rocontrastophobes to hydrocontrastophiles. The most common condi-
tions are such that are favourable for hemi-hydrocontrastophiles. The his-
togram analysis of the environmental factors’ distribution points to the 
sample heterogeneity. This conclusion is also confirmed by the values 
of asymmetry (positive value indicates a shift of the distribution to the 
left) and kurtosis (a negative value indicates a bimodal distribution). 
Accordingly, the predominant regimes are such that are favourable for 
hemi-hydrocontrastophobes and hydrocontrastophiles. Statistical distri-
bution of phytoindication acidity assessments is close to normal. The most 
common conditions are such those favourable for sub-acidophiles. Howe-
ver, the acidity conditions vary from favourable for acidophiles to sub-
bazophiles. Total salt regime assessments are distributed symmetrically. 
The most common conditions are those favourable for eutrophes. 
The total salt regime varies in conditions from semi-oligotrophes to gly-
cotrophes. Carbonate content in the soil creates the most favourable 
conditions for hemi-carbonatophiles.  
The investigated sample is heterogeneous in terms of phytoindication 
assessment estimates of digestible forms of nitrogen. It is a mixture of nor-
mal distributions. The most common conditions are such that are favou-
rable for hemi-nitrophiles and eunitrophiles. The mode of soil aeration 
creates favourable conditions for hemi-aerophobes. In general, the conditi-
ons of soil aeration vary from sub-aerophilic to sub-aerophobic. Vegetati-
on communities indicate thermal climate, which corresponds to the energy 
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balance 2110.1 MJ • m2 • year–1. This estimate varies in the range of 
1567.9–2706.6 MJ • m2 • year–1. Distribution of thermal climate phytoin-
dication assessment is symmetric and close to the normal distribution. 
Humidity is characterized quantitatively by the relationship between rain-
fall and evaporation. We can determine in accordance with phytoindication 
estimates that this figure is –193.2 mm, which corresponds to the sub-ari-
dophytic conditions. The humidity assessment varies from –603.1 (mezo-
aridophytic conditions) to +242.3 mm (sub-ombrophytic conditions).  
The region’s climate may be classified as sub-continental with varia-
tion from hemi-oceanic to continental according to phytoindication assess-
ments. The cryo-climate is characterized quantitatively by the tempera-
ture of the coldest month of the year. Phytoindication assessments of 
this indicator are characterized by an asymmetrical distribution with the 
cells to the right. The commonest cryo-climate estimate is –7.53 ºC 
corresponding to moderate/mild winters. The range of cryo-climate 
variation estimates is from –19.02 to +3.16 °C. The vast majority of sites 
where geobotanical descriptions were conducted are characterized by the 
highest level of lighting, which is favourable for heliophytes. But the range 
of lighting levels varies from scyophytic to heliophytic conditions.  
The height of the relief within Dnipropetrovsk region varies within 
51–211 m. The most typical height is located in the range of 65–155 m 
(Table 2). The average height of the relief is 109 m. The range of heights 
where geobotanical descriptions were made is 30–179 m. The average 
is 88.9 m. The digital elevation model is the basis for the calculation of 
derived information layers, exposing various aspects of the earth's 
surface as a factor of redistribution of climatic conditions. The topo-
graphic wetness index is the marker geomorphological soil moisture. 
TWI varies in Dnipropetrovsk region within 6.9–25.1. The average one is 
11.8. TWI value varies within 8.5–21.6 at the points where the geobota-
nical description of vegetation was conducted. The average one is 12.5.  
Table 2  
Descriptive statistics of the relief morphometric properties  
Morphometric properties x ± SE Median Minimum Maximum 
Elevation (m, DEM)   88.96 ± 2.69   74.00   30.00 179.00 
Topographic wetness index (unitless, TWI)   12.46 ± 0.22   11.89     8.54   21.54 
Topographic position index (unitless, TPI)     0.18 ± 0.09     0.29   –2.04     2.98 
Mass Balance Index (unitless, 10–2, MBI)      0.46 ± 0.09     0.07   –1.37     3.79 
Erosion factors (unitless, LS)     0.14 ± 0.01     0.06     0.00     0.66 
Vector Ruggedness Measure (unitless, 10–4, VRM)     0.21 ± 0.03     0.00     0.00     3.00 
Direct insolation (kWh/м2 102, Dir)   12.56 ± 0.01   12.57   12.33   12.72 
Diffuse insolation (kWh/м2, Diff) 174.61 ± 0.07 174.21 173.02 177.07 
Vertical Distance to Channel Network (m, Vert)   18.99 ± 1.50   13.15     0.00   85.09 
Shannon diversity (Bit/pixel)     1.29 ± 0.02     1.30     0.72     2.04 
 
The earth's surface shapes within the Dnipropetrovsk region vary 
from convex (index of topographic position of TPI, a positive value to 
4.3) to concave denotations (TPI negative takes the value to –4.3). It is 
natural that the figure is close to zero (0.02) on average. Geobotanical 
descriptions are situated within a slightly smaller range of relief conditi-
ons (TPI from –2.0 to +2.9, on average, 0.2). The vast majority of the 
pixels are characterized by the values of mass balance index (MBI) 
between –0.029 and +0.036. The points of geobotanical descriptions are 
characterized by MBI values from –0.014 to +0.036. The vast majority 
of areas are characterized by small field marker levels of loss of soil LS, 
although this figure may reach values of 1.27. For 95% of geobotanical 
descriptions, erosion LS factor value does not exceed 0.49. Vector rug-
gedness measure (VRM) varies from 0 to 9.8 × 10–4.  
Direct insolation is 1201–1341 kWh/м2 for the period 1 April to 
31 October within Dnipropetrovsk region. The average one is 1254 kWh/м2. 
Diffuse insolation is 171–178 kWh/м2. Its average value is 174.9 kWh/м2 
in the same period of time. The level of direct insolation at the locations 
of geobotanical descriptions is 1233–1270 kWh/м2. Its average value is 
1255 kWh/м2. The level of diffuse insolation is 173–177 kWh/м2. Its 
average value is 174.6 kWh/м2. The vertical distance to channel network 
varies from 0 to 131 m. Its average value is 29.2 m. Geobotanical descrip-
tions are placed in habitats where the vertical distance to channel network 
does not exceed 85.1 m, on average it does not exceed 18.9 m.  
The 16 types of the earth's surface were selected by the Iwahashi & 
Pike (2007) procedure (Fig. 1). Each of these types is 1.5–21.9% of the 
surface. The type moderate slope, coarse texture, high convexity occupies 
the lowest part of surface. The types steep slope, fine texture, high con-
vexity and very steep slope, fine texture, high convexity occupy the 
largest part of the surface. The entropy of terrain diversity by Shannon 
varies from 0 to 2.35 bit/pixel. Its average value is 1.16 bit/pixel. The geo-
botanical descriptions were made at the locations, their diversity varies 
from 0.72 to 2.04 bit/pixel. The average diversity is 1.28 bit/pixel.  
The phytoindication assessments of the ecological regimes are cha-
racterized by correlation of geomorphological properties. The soil humidity is 
characterized statistically by significant negative correlation with the 
topographic position index and positive correlation with the vector rug-
gedness measure. The variability of damping correlates with four geo-
morphological predictors. This environmental regime has positive corre-
lation with digital elevation model and diffuse insolation and negative 
correlation with topographic wetness index and direct insolation. The soil 
acidity of the edaphotope within the Dnipropetrovsk region statistically 
significantly correlates with the vector ruggedness measure. The soil 
humidity of the edaphotope is associated with variation of the topogra-
phic wetness index, direct insolation, diffuse insolation and entropy of 
terrain diversity. The highest carbonate content in soil correlates with 
higher risks of erosion, which are characterized by loss of soil and vertical 
distance to channel network. The nitrogen content in soil is very sensitive 
to geomorphological features of the area. This results in the correlation 
of this indicator with six geomorphological predictors. Obviously, the 
most favourable supply of the nitrogen content in the soil is formed on 
the upland area. This is consistent with positive correlation of the phytoin-
dication assessment of the nitrogen content in soil and the height relief.  
Experimental results revealed no statistically significant pairwise 
correlations between the soil aeration and geomorphological predictors 
(Fig. 2). The thermal climate variation (geomorphological correlation with 
four predictors) is most geomorphologically deterministic among the 
climatic scales. The humidity variation is the least deterministic. This is 
correlation with one predictor.  
It can be assumed that the relationship between phytoindication assess-
ments of environmental regimes and geomorphological predictors is more 
complex than described quantitatively pairwise correlation coefficients. 
In order to test this hypothesis, we used multiple regression analysis 
where phytoindication assessments are considered as the dependent 
variable. A set of geomorphic indicators are considered as a predictors.  
Regression models can explain 11–42% variability of phytoindication 
assessments of environmental regimes (Table 3). The soil humidity and 
the nitrogen content in the soil are the most geomorphologically depen-
dent. The variability of damping and humidity are the least dependent. The 
digital elevation model and direct insolation (four statistically probable 
regression coefficients) are the most valuable predictors for edaphic envi-
ronmental regimes. Loss of soil, direct insolation and topographic wetness 
index (two statistically significant regression coefficients) are the most 
valuable predictors for climate regimes (Table 4). The entropy of terrain 
diversity is a statistically significant predictor for humidity, nitrogen con-
tent in soil and thermal climate.  
Linear regression models that established a link between phytoindi-
cation assessments of the environmental regimes and geomorphological 
predictors are characterized by a certain explanatory power. The linear 
model allows quite clear interpretation of the installed links. Some con-
nections are obvious to a lesser extent and are trivial. Thus, the regression 
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model indicates that the greater the height of the terrain, the less the soil 
humidity, which is quite expected. Some links show more subtle inter-
action between relief, vegetation and environmental regimes. The relation-
ship of such synthetic properties of terrain as diversity relief elements and 
phytoindication assessments of humidity, nitrogen content in soil and 
thermal climate is of particular interest. This indicates that not only local 
conditions but also the influence of spatial context on the development 
of ecological processes which determined the appropriate modes.  
 
  
Fig. 1. The landforms classification within Dnipropetrovsk region by Iwahashi and Pike (Iwahashi & Pike, 2007)  
 Fig. 1. Regularized partial correlation network of the phytoindicator 
estimation of the ecological factors and relief properties without 
contamination (control) and under oil contamination (oil): Ecological 
factors (EF): Hd – soil humidity, fH – variability of damping, Rc – soil 
acidity, Sl – total salt regime, Ca – carbonate content in soil, Nt – nitrogen 
content in soil, Ae – soil aeration, Tm – thermal climate, Om – humidity, 
Kn – continental climate, Cr – cryo-climate, Lc – light regime; Relief 
properties (RP): DEM – digital elevation model; TWI – topographic 
wetness index; TPI – topographic position index; MBI – mass balance 
index; LS – loss soil; VRM – vector ruggedness measure; DIR – direct 
insolation; DIFF – diffuse insolation; VERT – vertical distance to 
channel network; Shannon – entropy of terrain diversity  
Discussion  
 
In some cases only, we can give value of markers of causation to the 
established regression dependencies. At the local level, the impact of the 
relief on ecological processes can be defined by certain multiple processes, 
whose composition and intensity of impact can vary significantly in 
different parts of space. However, it is possible to consider the fact that at 
the regional level a monotonic relationship can be set between phytoindi-
cation estimated environmental regimes and geomorphological predictors.  
The linear component connection reflects a real relationship between 
the study variables only very generally. The undoubted advantage of the 
linear model is the convenience of its interpretation. But rather superfi-
cially derived interpretations show ties in climate topography and vege-
tation. Linear regression requires a functional connection. Deviation from 
it is random in both directions of the projected hypothetical value function 
response. But the vast majority of ecological relationships obey the limi-
ting factor, so that a deviation from the functional relationship is asymmet-
rical. The studied variable can be less (or more) predicted, but never more 
(or conversely, never less). Where other sources show such a relationship 
can be described by a Gaussian bell curve, then mathematical description 
can be applied depending on specific mathematical procedures (ter Braak, 
1986). The β-function can be applied in the case of asymmetric dependen-
ce (Austin, 1976). These models are suitable for describing dependence, 
but their use is difficult to forecast, and consequently to the extrapolation. 
A regression model is a flexible method for support vector (Karatzoglou, 
2004). This regression can find dependencies that pretty well describe the 
complex relationships in nature, but unlike the linear model. Support 
methods cannot be used to interpret the obtained results. The resulting 
spatial models are characterized by a high degree in formativeness.  
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Table 3 
General linear models of the dependence of edaphic regimes on geomorphological predictors (regression coefficients ± SE)  
Predictors Edaphic regimes Hd fH Rc Sl Ca Nt Ae 
DEM   –4.70 ± 2.12* –2.42 ± 2.12     6.51 ± 2.35*   1.19 ± 2.21 –3.10 ± 2.31     4.87 ± 1.88* –2.90 ± 2.18 
TWI –0.12 ± 0.09 –0.10 ± 0.09     0.36 ± 0.10*   –0.26 ± 0.09* –0.04 ± 0.09 –0.11 ± 0.08   0.09 ± 0.09 
TPI   –0.42 ± 0.11*   0.07 ± 0.11   0.21 ± 0.12   0.00 ± 0.12 –0.04 ± 0.12 –0.07 ± 0.10 –0.16 ± 0.11 
MBI   0.09 ± 0.12 –0.03 ± 0.12   0.15 ± 0.13 –0.04 ± 0.12 –0.06 ± 0.13   –0.34 ± 0.10*     0.25 ± 0.12* 
LS   0.14 ± 0.09   0.03 ± 0.09 –0.02 ± 0.10 –0.13 ± 0.09   0.03 ± 0.10   0.11 ± 0.08     0.45 ± 0.09* 
VRM     0.36 ± 0.09* –0.15 ± 0.09   –0.28 ± 0.10*   0.07 ± 0.09   0.14 ± 0.10   –0.19 ± 0.08* –0.10 ± 0.09 
DIR   0.09 ± 0.08   –0.24 ± 0.08* –0.10 ± 0.08   0.13 ± 0.08 –0.05 ± 0.08   –0.15 ± 0.07*     0.22 ± 0.08* 
DIFF     4.73 ± 2.12*   2.67 ± 2.12   –6.38 ± 2.34* –0.83 ± 2.20   2.87 ± 2.31   –4.47 ± 1.88*   2.92 ± 2.18 
VERT –0.12 ± 0.11   0.12 ± 0.11 –0.02 ± 0.12 –0.18 ± 0.11     0.54 ± 0.12* –0.13 ± 0.09 –0.15 ± 0.11 
Shannon –0.04 ± 0.07   0.02 ± 0.07   0.01 ± 0.08     0.42 ± 0.08*   –0.17 ± 0.08* –0.07 ± 0.07   0.11 ± 0.08 
Contamination   –0.14 ± 0.06*     0.31 ± 0.06*   0.07 ± 0.07 –0.06 ± 0.07   0.00 ± 0.07   –0.37 ± 0.06*   –0.27 ± 0.07* 
R2adj 0.27 0.27 0.11 0.21 0.14 0.42 0.23 
Note: Hd – soil humidity, fH – variability of damping, Rc – soil acidity, Sl – total salt regime, Ca – carbonate content in soil, Nt – nitrogen content in soil, Ae – soil 
aeration, Tm – thermal climate, Om – humidity, Kn – continental climate, Cr – cryo-climate, Lc – light regime, DEM – digital elevation model; TWI – topographic 
wetness index; TPI – topographic position index; MBI – mass balance index; LS – loss of soil; VRM – vector ruggedness measure; DIR – direct insolation; DIFF – diffuse 
insolation; VERT – vertical distance to channel network; Shannon – entropy of terrain diversity; * – statistically significant coefficients for P < 0.05.  
Table 4  
General linear models of the dependence of climatic regimes on geomorphological predictors (regression coefficients ± SE)  
Predictors Climatic regimes Tm Om Kn Cr Lc 
DEM   0.37 ± 2.30 –3.92 ± 2.24 –1.36 ± 2.21   1.21 ± 2.33   –4.42 ± 1.90* 
TWI –0.12 ± 0.09 –0.08 ± 0.09 –0.07 ± 0.09 –0.13 ± 0.09   0.07 ± 0.08 
TPI   –0.43 ± 0.12*   0.14 ± 0.12 –0.06 ± 0.12   0.01 ± 0.12   0.13 ± 0.10 
MBI   0.18 ± 0.13 –0.15 ± 0.12 –0.06 ± 0.12 –0.17 ± 0.13 –0.07 ± 0.10 
LS –0.08 ± 0.10   0.11 ± 0.09 –0.15 ± 0.09     0.25 ± 0.10*   –0.16 ± 0.08* 
VRM   0.21 ± 0.10   0.08 ± 0.09   0.11 ± 0.09   0.12 ± 0.10   0.20 ± 0.08 
DIR   0.11 ± 0.08     0.35 ± 0.08* –0.12 ± 0.08   0.02 ± 0.08 –0.04 ± 0.07 
DIFF –0.31 ± 2.30   3.88 ± 2.23   1.39 ± 2.20 –1.03 ± 2.32     3.78 ± 1.89* 
VERT –0.08 ± 0.11 –0.10 ± 0.11   0.50 ± 0.11 –0.13 ± 0.12     0.67 ± 0.09* 
Shannon     0.25 ± 0.08*   0.04 ± 0.08   0.10 ± 0.08 –0.05 ± 0.08     0.15 ± 0.07* 
Contamination  –0.16 ± 0.07*   –0.33 ± 0.07*     0.18 ± 0.07*   –0.19 ± 0.07*     0.33 ± 0.06* 
R2 0.14 0.19 0.21 0.12 0.42 
Note: Tm – thermal climate, Om – humidity, Kn – continental climate, Cr – cryo-climate, Lc – light regime, DEM – digital elevation model; TWI – topographic wetness 
index; TPI – topographic position index; MBI – mass balance index; LS – loss soil; VRM – vector ruggedness measure; DIR – direct insolation; DIFF – diffuse insolation; 
VERT – vertical distance to channel network; Shannon – entropy of terrain diversity; * – statistically significant coefficients for P < 0.05.  
Two groups of indicators, digital elevation models and their deriva-
tives, and vegetation indices derived using remote sensing of the earth 
are usually used as predictors in order to solve the problems of 
describing the spatial variation of ecological characteristics 
(Brygadyrenko, 2016; Ließ et al., 2016). This approach is suitable for 
areas where there is remaining natural or artificial naturalized vegetation 
(Zhukov et al., 2016). Within Dnipropetrovsk region, a considerable part 
of the territory is transformed anthropogenically (Brygadyrenko, 2015; 
Zhukov et al., 2017). Monocenoses, which are formed within agricultural 
fields, cannot be applied for carrying out synphytoindication. Vegetation 
communities of electrical substations are distinguished by a certain level 
of diversity. These sites with their fragmented communities of natural 
ecosystems can be used for phytoindication of environmental regimes But 
for purposes of extrapolation within the region, the data digital elevation 
model and its derivatives can be applied only. Vegetation indices also 
reflect the effects of anthropogenic transformation that are inextricably 
linked to the dynamics of ecological processes, but cannot be used as 




The digital elevation model and information derived from it in the 
form of spatial data layers (topographic wetness index, topographic posi-
tion index, mass balance index, loss of soil, vector ruggedness measure, 
direct insolation, diffuse insolation, vertical distance to channel network, 
entropy of terrain diversity by Shannon) are valuable information cova-
riates (predictors) of environmental regimes which are evaluated using 
the phytoindication method. The procedure of spatial extrapolation of 
phytoindication assessments at regional level can be performed based on 
regression models by the method of support vectors. This approach is 
flexible and takes into account the specific environmental interactions in 
the system topography and vegetation and environmental regimes. We 
found that soil pollution by technological oil within the territories of 
electrical substations leads to the transformation of environmental regimes. 
Such changes can be clearly shown using the phytoindication method. 
The soil properties were revealed to be subjected to a considerable 
transformation. Technological oil pollution leads to deterioration of water 
regime, reducing the availability of plant available forms of nitrogen and 
deterioration of soil aeration. There are also changes in microclimatic 
properties. There are more extreme thermal regimes and greater level of 
illumination. An important task for further research is to study the inf-
luence of relief features on the degree of negative transformation of soil 




Abbasi Maedeh, P., Nasrabadi, T., Wu, W., & Al Dianty, M. (2017). Evaluation of 
oil pollution dispersion in an unsaturated sandy soil environment. Pollution, 
3(4), 701–711.  
Abosede, E. E. (2013). Effect of crude oil pollution on some soil physical proper-
ties. Journal of Agriculture and Veterinary Science, 6(3), 14–17.  
Andrushenko, A. Y., & Zhukov, A. V. (2016). Scale-dependent effects in structure of 
the wintering ecological niche of the mute swan during wintering in the gulf 
of Sivash. Biological Bulletin of Bogdan Chmelnitskiy Melitopol State Peda-
gogical University, 6(3), 234–247.  
Austin, M. P. (1976). Non-linear species response models in ordination. Vegetatio, 
33, 33–41.  
Baljuk, J. A., Kunah, O. N., Zhukov, A. V., Zadorozhnaja, G. A., & Ganzha, D. S. 
(2014). Sampling adaptive strategy and spatial organisation estimation of soil 
animal communities at various hierarchical levels of urbanised territories. 
Biological Bulletin, 4(3), 8–33.  
48 
 Biosyst. Divers., 2019, 27(1)  
Beven, K., & Kirkby, N. (1979). A physically based variable contributing area 
model of basin hydrology. Hydrological Sciences Bulletin, 24, 43–69.  
Bock, M., & Köthe, R. (2008). Predicting the depth of hydrologic soil characteris-
tics. Hamburger Beiträge zur Physischen Geographie und Landschaftsökolo-
gie, 19, 13–22.  
Boehner, J., & Antonic, O. (2009). Land surface parameters specific to topo-cli-
matology. In: Hengl, T., & Reuter, H. I. (Eds.). Geomorphometry – concepts. 
Software, Applications. Pp. 195–226.  
Brown, P. J., Long, S. M., Spurgeon, D. J., Svendsen, C., & Hankard, P. K. (2004). 
Toxicological and biochemical responses of the earthworm Lumbricus rubel-
lus to pyrene, a non-carcinogenic polycyclic aromatic hydrocarbon. Chemo-
sphere, 57, 1675–1681.  
Brygadyrenko, V. V. (2015). Community structure of litter invertebrates of forest 
belt ecosystems in the Ukrainian steppe zone. International Journal of Envi-
ronmental Research, 9(4), 1183–1192.  
Brygadyrenko, V. V. (2016). Evaluation of ecological niches of abundant species 
of Poecilus and Pterostichus (Coleoptera: Carabidae) in forests of the steppe 
zone of Ukraine. Entomologica Fennica, 27(2), 81–100.  
Buzuk, G. N. (2017). Phytoindication with ecological scales and regression analy-
sis: Environmental index. Bulletin of Pharmacy, 76, 31–37.  
Chi, B. L., Bing, C. S., Walley, F., & Yates, T. (2009). Topographic indices and 
yield variability in a rolling landscape of western Canada. Pedosphere, 19(3), 
362–370.  
Ciha, A. J. (1984). Slope position and grain yield of soft white winter wheat. 
Agronomy Journal, 76, 193–196.  
Contreras-Ramos, S. M., Alvarez-Bernal, D., & Dendooven, L. (2006). Eisenia 
fetida increased removal of polycyclic aromatic hydrocarbons from soil. 
Environmental Pollution, 141, 396–401.  
Cox, M. S., Gerard, P. D., & Abshire, M. J. (2006). Selected soil properties’ variabi-
lity and their relationships with yield in three Mississippi fields. Soil Science 
Society of America Journal, 171, 541–551.  
Davis, L. C., Castro-Diaz, S., Zhang, Q., & Erickson, L. E. (2002) Benefits of ve-
getation for soils with organic contaminants. Critical Reviews in Plant Scien-
ces, 21(5), 457–491.  
Dehn, M., Gärtner, H., & Dikau, R. (2001). Principles of semantic modeling of 
landform structures. Computers and Geoscience, 27, 1005–1010.  
Dendooven, L., Alvarez-Bernal, D., & Contreras-Ramos, S. M. (2011). Earthworms, 
a means to accelerate removal of hydrocarbons (PAHs) from soil? A mini-
review. Pedobiologia, 54, 187–192.  
Didukh, Y. P. (2011). The ecological scales for the species of Ukrainian flora and 
their use in synphytoindication. Phytosociocentre, Kyiv.  
Fismes, J., Perrin-Ganier, C., Empereur-Bissonnet, P., & Morel, J. L. (2002). Soil-
to-root transfer and translocation of polycyclic aromatic hydrocarbons by 
vegetables grown on industrial contaminated soils. Journal of Environmental 
Quality, 31, 1649–1656.  
Green, T. R., & Erskine, R. H. (2004). Measurement, scaling, and topographic 
analyses of spatial crop yield and soil water content. Hydrological Processes, 
18, 1447–1465.  
Griffith, D. A., & Arbia, G. (2010). Detecting negative spatial autocorrelation in 
georeferenced random variables. International Journal of Geographical Infor-
mation Science, 24(3), 417–437.  
Guisan, A., Weiss, S. B., & Weiss, A. D. (1999). GLM versus CCA spatial mode-
ling of plant species distribution. Plant Ecology, 143, 107–122.  
Halvorson, G. A., & Doll, E. C. (1991). Topographic effects on spring wheat yield 
and water use. Soil Science Society of America Journal, 55, 1680–1685.  
Han, G., Cui, B. X., Zhang, X. X., & Li, K. R. (2016). The effects of petroleum-
contaminated soil on photosynthesis of Amorpha fruticosa seedlings. Interna-
tional Journal of Environmental Science and Technology, 13(10), 2383–2392.  
Karatzoglou, A., Smola, A., Hornik, K., & Zeileis, A. (2004). Kernlab – An S4 
package for Kernel methods in R. Journal of Statistical Software, 11(9), 1–20.  
Kaspar, T. C., Pulido, D. J., Fenton, T. E., Colvin, T. S., Karlen, D. L., Jaynes, 
D. B., & Meek, D. W. (2004). Relationships of corn and soybean yield to soil 
and terrain properties. Agronomy Journal, 96, 700–709.  
Kipopoulou, A. M., Manoli, E., & Samara, C. (1999). Bioconcentration of poly-
cyclic aromatic hydrocarbons in vegetables grown in an industrial area. Envi-
ronmental Pollution, 106(3), 369–380.  
Klamerus-Iwan, A., Błońska, E., Lasota, J., Kalandyk, A., & Waligórski, P. (2015). 
Influence of oil contamination on physical and biological properties of forest 
soil after chainsaw use. Water, Air, and Soil Pollution, 226(11), 389.  
Kravchenko, A. N., & Bullock, D. G. (2000). Correlation of corn and soybean 
grain yield with topography and soil properties. Agronomy Journal, 92, 75–83.  
Kukharchik, T. I., Kakareka, S. V., Khomich, V. S., Kurman, P. V., & Voropai, E. N. 
(2007). Polychlorinated biphenyls in soils of Belarus: Sources, contamination 
levels, and problems of study. Eurasian Soil Science, 40(5), 485–492.  
Kunah, O. M., & Papka, O. S. (2016). Ecogeographical determinants of the ecolo-
gical niche of the common milkweed (Asclepias syriaca) on the basis of 
indices of remote sensing of land images. Visnyk of Dnipropetrovsk Univer-
sity, Biology, Ecology, 24(1), 78–86.  
Kunah, O. M., & Papka, O. S. (2016). Geomorphological ecogeographical variables 
definig features of ecological niche of common milkweed (Asclepias syriaca L.). 
Biological Bulletin of Bogdan Chmelnitskiy Melitopol State Pedagogical 
University, 1, 243–275.  
Legendre, P. (1993). Spatial autocorrelation: Trouble or new paradigm? Ecology, 
74(6), 1659–1673.  
Lehner, B., Verdin, K., & Jarvis, A. (2006). HydroSHEDS Technical Documenta-
tion. World Wildlife Fund US, Washington.  
Lennon, J. J. (2000). Red-shifts and red herrings in geographical ecology. Ecogra-
phy, 23, 101–113.  
Ließ, M., Schmidt, J., & Glaser, B. (2016). Improving the spatial prediction of Soil 
organic carbon stocks in a complex tropical mountain landscape by metho-
dological specifications in machine learning approaches. PLoS One, 11(4), 
e0153673.  
Lipińska, A., Kucharski, J., & Wyszkowska, J. (2013). Urease activity in soil con-
taminated with polycyclic aromatic hydrocarbons. Polish Journal of Environ-
mental Studies, 22(5), 1393–1400.  
Loick, N., Hobbs, P. J., Hale, M. D. C., & Jones, D. L. (2009). Bioremediation of 
poly-aromatic hydrocarbon (PAH)-contaminated soil by composting. Critical 
Reviews in Environmental Science and Technology, 39(4), 271–332.  
Magee, B. R., Lion, L. W., & Lemley, A. T. (1991). Transport of dissolved organic 
macromolecules and their effect on the transport of phenanthrene in porous 
media. Environmental Science and Technology, 25(2), 323–331.  
Marques da Silva, J. R., & Silva, L. L. (2006). Evaluation of maize yield spatial 
variability based on field flow density. Biosystems Engineering, 95, 339–347.  
McBratney, A. B., Mendonca-Santos, M. L., & Minasny, B. (2003). On digital 
soil mapping. Geoderma,. 117, 3–52.  
McCool, D. K., Renard, K. G., & Foster, G. R. (1994). The revised universal soil 
loss equation. In: Proceedings of an international workshop on soil erosion. 
The Center for Technology Transfer and Pollution Prevention, Purdue Uni-
versity, West Lafayette, USA. Pp. 45–59.  
Miao, Y. X., Mulla, D. J., & Robert, P. C. (2006). Identifying important factors 
influencing corn yield and grain quality variability using artificial neural 
networks. Precision Agriculture, 7, 117–135.  
Moore, I. D., Nortin, T. W., & Williams, J. E. (1993). Modelling environmental 
heterogeneity in forested landscapes. Journal of Hydrology, 150, 717–747.  
Moore, I., Gessler, P., Nielsen, G., & Peterson, G. (1993). Soil attribute prediction 
using terrain analysis. Soil Science Society of America Journal, 57, 443–452.  
Mueller, K. E., & Shann, J. R. (2006). Polycyclic aromatic hydrocarbons in spiked 
soil: Impacts of bioavailability, microbial activity and trees. Chemosphere, 
64, 1006–1014.  
Nam, J. J., Song, B. H., Eom, K. C., Lee, S. H., & Smith, A. (2003). Distribution 
of polycyclic aromatic hydrocarbons in agricultural soils in South Korea. 
Chemosphere, 50, 1281–1289.  
Olaya, V., & Conrad, O. (2008). Geomorphometry in SAGA. In: Hengl, T., & Reu-
ter, H. I. (Eds.). Geomorphometry: Concepts, software, applications. Elsevier.  
Orlanski, J. (1975). A rational subdivision of scales for atmospheric processes. 
Bulletin of the American Meteorological Society, 56, 527–530.  
Potapenko, O. V. (2016). Assessment of environmental conditions within the boun-
daries of electric substations methods phytoindication. Visnyk of Dnipropet-
rovsk State Agrаrian and Economic University, 42, 133–139.  
Potapenko, O. V. (2018). Assessment of phytocoenonical diversity of electrical 
substations territories. Acta Biologica Sibirica, 4(3), 6–35.  
R Core Team (2017). R: A language and environment for statistical computing. R 
Foundation for Statistical Computing, Vienna, Austria.  
Sappington, J. M., Longshore, K. M., & Thompson, D. B. (2007). Quantifying 
landscape ruggedness for animal habitat analysis: A case study using desert 
bighorn sheep in the Mojave Desert. Journal of Wildlife Management, 71(5), 
1419–1426.  
Simmons, F. W., Cassel, D. K., & Daniels, R. B. (1989). Landscape and soil pro-
perty effects on corn grain yield response to tillage. Soil Science Society of 
America Journal, 53, 534–539.  
Srogi, K. (2007). Monitoring of environmental exposure to polycyclic aromatic 
hydrocarbons: A review. Environmental Chemistry Letters, 5(4), 169–195.  
Ter Braak, C. J. F. (1986). Canonical correspondence analysis: A new eigenvector 
technique for multivariate direct gradient analysis. Ecology, 67, 1167–1179.  
Timlin, D., Pachepsky, Y., Snyder, V. A., & Bryant, R. B. (1998). Spatial and 
temporal variability of corn grain yield on a hillslope. Soil Science Society of 
America Journal, 62, 764–773.  
Tobler, W. (1970). A computer movie simulating urban growth in the Detroit 
region. Economic Geography, 46(1), 234–240.  
Wcisło, E. (1998). Soil contamination with polycyclic aromatic hydrocarbons 
(PAHs) in Poland. Polish Journal of Environmental Studies, 7(5), 267–272.  
Wischmeier, W. H., & Smith, D. D. (1978). Predicting rainfall erosion losses. In: 
Agricultural handbook. Washington. Pp. 537–565.  
Zamotaev, I. V., Ivanov, I. V., Mikheev, P. V., & Nikonova, A. N. (2015). Chemical 
contamination and transformation of soils in hydrocarbon production regions. 
Eurasian Soil Science, 48(12), 1370–1382.  
49 
 Biosyst. Divers., 2019, 27(1) 
Zeleke, T. B., & Si, B. C. (2004). Scaling properties of topographic indices and 
crop yield: Multifractal and joint multifractal approaches. Agronomy Journal, 
96, 1082–1090.  
Zhukov, A. V., & Zadorozhnaya, G. A. (2016). Spatio-temporal dynamics of the 
penetration resistance of recultivated soils formed after open cast mining. 
Visnyk of Dnipropetrovsk University, Biology, Ecology, 24(2), 324–331.  
Zhukov, A. V., Kunah, O. N., Novikova, V. A., & Ganzha, D. S. (2016). Phytoin-
dication estimation of soil mesopedobionts communities catena and their 
ecomorphic organization. Biological Bulletin of Bogdan Chmelnitskiy Meli-
topol State Pedagogical University, 6(3), 91–117.  
Zhukov, A. V., Sirovatko, V. O., & Ponomarenko, N. O. (2017). Spatial dynamic of 
the agriculture fields towards their shape and size. Ukrainian Journal of 
Ecology, 7(3), 14–31.  
Zhukov, A. V., & Andryushchenko, A. Y. (2017). Relief and ecological niche of 
mute swan (Cygnus olor (Gmelin, 1803)) wintering in Sivash. Acta Biologica 
Sibirica, 3(2), 20–45.  
Zhukov, O. V., & Potapenko, O. V. (2017). Environmental impact assessment of 
distribution substations: The case of phytoindication. Ukrainian Journal of 
Ecology, 7(1), 5–21.  
Zhukov, O. V., Kunah, O. M., Taran, V. O., & Lebedinska, M. M. (2016). Spatial 
variability of soils electrical conductivity within arena of the river Dnepr 
valley (territory of the nature reserve “Dniprovsko-Orilsky”). Biological 
Bulletin of Bogdan Chmelnitskiy Melitopol State Pedagogical University, 
6(2), 129–157.  
 
50 
